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Abstract. The massive student participation in Computer Supported Collabo-
rative Learning (CSCL) sessions from online classrooms requires intense tutor
engagement to track and evaluate individual student participation. In this study,
we investigate how the time evolution of messages predicts students’ partici-
pation using two models – a linear regression and a Random Forest model.
A corpus of 10 chats involving 47 students was scored by 4 human experts and
used to evaluate our models. Our analysis shows that students’ pauses length
between consecutive messages within a discussion is the strongest participation
predictor accounting for R2 ¼ :796 variance in the human estimations while
using a Random Forest model. Our results provide an extended basis for the
automated assessment of student participation in collaborative online
discussions.
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1 Introduction
The concept of smart environment has been used in many different domains, from
homes, vehicles, to cities or education. According to Murillo Montes de Oca et al. [1], a
smart learning ecosystem is deﬁned not only to be technologically enhanced, but also
focused on participants and collaboration. In such ecosystems, the interconnection
between people and technology is meant to contribute to the success of all participants
throughout the learning process. This is achieved by using Computer Supported
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Collaborative Learning (CSCL) technologies. As students’ lives are constantly influ-
enced by technology, especially in regards of socialization, they expect the same
transition in education. They often prefer synchronous activities because they have a
better experience of active involvement and social connection. Tutors also use chats as
assignments for tasks which do not have a straightforward solution, and require
brainstorming or discussions for choosing between possible solutions. In such situa-
tions, it is very important that students are engaged in discussions and participate to
building a solution.
Earlier studies by Ferschke et al. [2, 3] identiﬁed both positive and negative effects
when using chats within online courses. Most negative effects occur due to time
mismatches, as not all students can participate synchronous at a moment in time. The
studies raised questions on how to exploit the beneﬁts of synchronous social interaction
while avoiding coordination difﬁculties.
Important limitations of technology enhanced classrooms are related to the human
side of the educational experience because teachers have limited time to manually
evaluate students’ participation [4]. Moreover, training more tutors to support, monitor
and properly evaluate students’ participation to discussions takes time and it is not
always feasible. Indicators like performance, collaboration or participation with other
members need to be constantly monitored to ensure each student’s beneﬁt of the
collaborative learning process. In classical learning environments, such evaluation is
time consuming and its complexity increases with the number and variety of students
registered for the activity, but smart environments are meant to provide automated tools
designed to estimate student’s collaboration and participation, at any scale, in real time,
allowing tutors to automatically monitor and assess the collaborative learning process.
Sfard [5] deﬁnes learning by two metaphors: acquisition and participation. While the
ﬁrst one relates to learning as an individual knowledge acquiring process, the participation
metaphor states that learning consists of increasingparticipation indialogconstruction, for
example, in communities of practice.Therefore, learning canbedone either independently
or as a social knowledge building process [6, 7]. Collaborative learning happens when
students participate to discussions, and just like in the case of the communities of practice,
participation leads to accumulation of experience and stimulates the social construction of
knowledge [8]. This makes student participation an important metric that needs to be
observed by tutors during collaborative assignments. Participation in CSCL contexts has
been extensively studied byDascalu et al. [9] using theCohesiveNetworkAnalysismodel
which considers an in-depth perspective of dialogs.
The focus of this article is to predict student participation in CSCL chats using
features that account for discussion changes in time. Although prediction of student
participation in chats is not a new topic [3, 4, 9, 10], few studies focused on features
related to time. Boroujeni et al. [11] used time series to analyze the impact of regularity
on academic success and emphasized the importance of time features such as the day of
the week or month, to quantify regularity and predict performance. However, in the
case of CSCL chats (1–2 h discussions) such features could only be used if the corpus
displays enough variance such that no false conclusions are drawn. Therefore, we need
to establish a representation for features derived from time series which can be used in
automatic assessment of individual participation.
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2 Research Question
In this study, our aim is to answer the following question: Which are the most relevant
time-related features in automatic assessment of student participation in chat conver-
sations? Are these global features derived from the entire chat discussion, or speciﬁc to
each participant?
Previous research byMolomer et al. [10] shows the importance of pauses in predicting
student participation. Building on these ﬁndings, we investigate whether the pause length
between utterances is positively or negatively related to participation. A positive rela-
tionship could be explained by longer reflection which, in turn, can strengthen partici-
pation, whereas a negative relationship may be due to fast replies which would be
associated with increased participation. The latter would be a trivial result.
3 Method
3.1 Conversation Corpus
The corpus used for this study contains ten chat discussions selected from a larger
corpus of over 100 undergraduate students’ transcripts. All participants were students
in the same year, which previously knew each other. Four to ﬁve students had to debate
over the importance of several CSCL technologies: chat, forum, blog, wiki, wave
(Google Wave). Each student had to convince the others of the advantages of his/her
chosen technology by also presenting the disadvantages of other technologies. In the
second part of the discussion, the participants searched for an integrated technical
solution that includes most of the discussed advantages from the ﬁrst part [4].
Student participation or active involvement was scored afterwards by four human
experts with values from 1 to 10 (1 – almost no involvement; 10 – overall great partic-
ipation). The average intraclass correlation score (ICC) between raters was 0.75, with
95% conﬁdence for the interval 0.60–0.85. This proves that there is agreement between
raters while relating to the participation scores. The participation score used further for
this study is the average value between experts’ individual participation values.
3.2 Data Analysis Methods
Feature extraction.We focused on two types of features: those extracted from the chat
and those derived from participants’ contributions. We tried to identify the most rel-
evant features from each chat which can be used in predicting participation, starting
with the ones used by Molomer et al. [10]. Only three features were used in the
regression models to avoid overﬁtting, given their relationship with the participation
score and between each other.
The chat-related features extracted from the discussion were: (a) Participants – the
number of participants in the chat, (b) Time of the day – the time of the day when the
conversation started, (c) Duration – the total duration in minutes, and (d) Frequency –
the average distance between consecutive utterances in the chat, measured in seconds.
For each property, Spearman’s rank correlations with corresponding signiﬁcance levels
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were used to test the correlations between the average participation score and the
extracted feature.
Several features were extracted from each participant’s time series of utterances.
Since the chats were requested as an assignment, in a proposed time interval, general
time-based information about the year, month or day of the week was not relevant.
Moreover, the discussions were relatively short, so the participants could schedule
them according to their convenience, and we could not propose any seasonality-based
features. For each participant, we considered: (a) Contributions – the number of con-
tributions in the chat, (b) Pauses – time series of pauses between consecutive utter-
ances, measured in seconds, (c) Out – time series created from the number of referred
utterances for each message, (d) In – time series created from the number of utterances
which referred each utterance in the chat and (e) Words – time series with the count of
words in utterances, without stop-words.
In classical time series analysis, Brockwell et al. [12] broke time series into trends
and seasonal patterns. When time seasonality is difﬁcult to identify, only the trend can
be estimated. Therefore, only the series’ linear trend was considered as a relevant
feature in our time series analysis. Trends were estimated using linear regressions and
from their equations, the following parameters were extracted: coefﬁcients and inter-
cepts, thus obtaining two new features. A separate feature (coefﬁcient positive) has
been introduced because the sign of the coefﬁcient brings extra information: a negative
coefﬁcient means that with the increase of the feature’s value, participation decreases,
while positive values reflect similar trends. The sum and average of all the time series
(b–e) are presented as independent features, as well.
Spearman’s rank correlation coefﬁcient between the participant-related features and
student participations are provided in Table 2. From the correlation analysis, it is
revealed that all participation-related features impact, at some level, students’ partici-
pation. While relating to the pause between utterances, both intercept and average
values appear to be strongly correlated to participation. Moreover, a negative coefﬁ-
cient – an overall decreasing pause in time – between utterances, seems to increase
student participation. However, we must emphasize a limitation of our study - the
number of contributions is signiﬁcantly related with the participation score.
The feature most correlated to student participation is the average pause according
to Spearman’s rank correlation coefﬁcient from Table 2, followed by the number of
contributions and the total number of words a participant contributes with.
Table 1. Spearman’s rank correlations and p-value between chat-related features and student
participation.
Property q p
Time of the day .17 .23
Duration .12 .39
Frequency .07 .59
Participants −.27 .06
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Figure 1 shows that participants who reply faster, with pauses of 40–70 s, are
perceived to participate more within the conversation. Participants with longer average
pauses between utterances (over 2 min) seem to participate less (score less than 8.5).
Thus, the more students contribute, the higher their participation score is.
The following features with the highest Spearman’s rank were tested against each
other for cross-correlations in Table 3: average pause, pause linear intercept, sign of the
pause linear coefﬁcient, total number of referred utterances, total number of words
Fig. 1. Visual correlation between the number of contributions and average pause (x-axis), and
average participation (y-axis).
Table 2. Spearman’s rank correlation and p-value between participant related features and
student participation.
Property q p-value
Pause Coefﬁcient −.17 .24
Pause Coefﬁcient positive −.25 .08
Pause Intercept −.41 <.01**
Average Pause −.51 <.01**
Total Pause −.08 .59
Out Coefﬁcient −.13 .38
Out Coefﬁcient positive −.10 .48
Out Intercept −.04 .76
Average Out .02 .89
Total Out .32 .02**
In Coefﬁcient −.06 .68
In Coefﬁcient Positive −.04 .75
In Intercept −.14 .32
Average In .22 .13
Total In −.18 .22
Words Coefﬁcient .04 .77
Words Coefﬁcient Positive .06 .66
Words Intercept −.22 .13
Average Words −.00 .99
Total Words .40 <.01**
Contributions .46 <.01**
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submitted by the participant, and the contributions (utterances). Features strongly
correlated to participation also exhibit a high correlation among themselves (q > .6).
4 Results
We propose two models to predict students’ participation score: linear regression and
random forests (RF) [13]. Linear regression has been used before by Dascalu et al. [9]
to predict participation, with R2 = .433 (p < .001), whereas Molomer et al. [10]
reported R2 = .546 (p < .001) using a similar dataset.
For the linear regression, the ﬁrst three most relevant features, not correlated one
with another, were chosen. The features most correlated to student participation
according to Tables 1 and 2 are: (a) the average pause, (b) the number of contributions,
and (c) the total number of words. However, according to Table 3, all three are highly
correlated with corresponding similarity scores between .71 and .83. A stepwise linear
regression was performed using the backward method and starting with all the pro-
posed features from Tables 1 and 2, until the selection was limited to: (a) the average
pause, (b) the intercept for the time series of words, and (c) the number of participants.
With this approach, we obtained a signiﬁcant model R2 = .502 (p < .001). With a
leave-one-out cross-validation, the linear regression produced a model explaining
around 47% variance (R2 = .473 p < .001).
We decided to analyze also a second model for participation estimation, one that can
use non-linear dependencies between features, namely a Random Forests (RF) model
[13]. The ﬁrst step consists of training the RFmodel with all the features to establish their
importance. With this new approach, pauses between students’ utterances have the
highest importance score for predicting participation (39%), followed by the number of
words, the number of utterances, the linear intercept in pauses and the frequency.
Afterwards, using the same 3 features as in the case of the linear regression, a maximum
depth of 4 and 2 estimators, our model explained around 77% variance (R2 = .769,
p < .001) or, in the case of leave-one-out cross-validation, R2 = .499 (p < .001). Com-
pared to the average participation scores, the mean average error for the prediction is .39,
thus denoting close scores to human expert judgements. A similar RF model trained on
frequency, average pause and words intercept explained R2 = .796 (p < .001) variance,
while the leave-one-out cross-validation had R2 = .643 (p < .001).
Table 3. Spearman correlations between top features.
Property AvgP PI PC > 0 TotOut TotW TotC
Average Pause (AvgP) 1 .61 −.21 −.65 −.71 −.81
Pause Intercept (PI) .61 1 −.65 −.33 −.56 −51
Pause Coefﬁcient positive (PC > 0) .21 −.4 1 −.26 −.05 −.08
Total Out (TotOut) −.65 −.33 −.26 1 .77 .71
Total Words (TotW) −.71 −.56 −.05 .77 1 .83
Contributions (TotC) −.81 −.51 −.08 .71 .83 1
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5 Discussion and Conclusion
In response to the research question, a limited number of features, independent one
from another, were used for the time series of less than 100 data points in order to avoid
overﬁtting. The regression models provided accurate estimations, similar to the scores
provided by the experts. Correlations were found between chat-related and
participant-related features on one hand, and the student participation score, on the
other hand (see Tables 1 and 2). One of the features which stood out during the
analysis is the average pause between student’s consecutive utterances. Longer pauses
can influence students’ participation in a negative way, when the student takes too long
to reply to messages, or a positive way, when the student’s pauses are long due to his
mental preparation for high quality responses. In our analysis, we found a negative
correlation score between the average pause and participation, which supports the ﬁrst
statement. Therefore, students who reply faster and more often are more likely to have
a higher participation into the chat discussion.
The next two features, highly correlated with student participation are the number
of contributions and the number of words, both with positive coefﬁcients, which means
that participation increases with a higher number and longer messages. Both features
prove that volume, not only speed, have a high impact on student participation.
However, both are highly correlated with the average pause: students who reply faster
submit more messages and therefore more content (words). The high correlation
between those properties explains why, during the stepwise analysis, the best choice for
the linear regression was a different selection.
Since the top ﬁve features most correlated to student participation are all participant
related, according to Spearman’s correlation coefﬁcients computed in Tables 1 and 2,
this proves that participation is more related to the student’s input, and the impact of
others is not as high as their own social contribution. The only chat-related feature with
a high correlation score with student participation is the number of participants in the
chat. The course assignment imposed between 4 to 5 students. The negative q coef-
ﬁcient proves that the participation score decreases with a higher number of partici-
pants. Moreover, there are no members with low participation scores (5 to 7.5) in chats
with fewer participants. This can also be observed in the correlation scores from
Table 1. However, studies in cooperative learning [14, 15] show that there might be
other reasons: the distribution of gender in the chat group, previous cooperation of the
participants, previous knowledge about the topic, communication skills or the quality
of peer interaction.
With the help of the proposed properties, regression models were trained to predict
student participation. The selection for the linear regression generated similar results to
previous studies by using the following features: the average pause, the intercept for the
time series of word counts, and the number of participants. An improvement to the
study by Molomer et al. [10] comes from the different regression model and properties
selection used to predict participation scores, as seen in Table 4.
The random forests model estimated more precisely student participation. As such
methods can ﬁnd non-linear correlations, the result only argues that there are more
complex relations between the chosen features. Both the number of participants and the
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frequency from the chats have low correlation ranks with participation, but combined
with the average pause and the intercept of the time series of word count, they provide
more accurate models. Since one out of three properties in the proposed regression
models is a chat-related property, this explains that participation is not only influenced
by students taken individually, but also by the environment they are part of.
One potential next step consists of making our models easily available to tutors
who are interested in monitoring student participation. According to Sfard [5], par-
ticipation has the potential to improve the practice of learning and of teaching. The
proposed models based only on features which can be easily computed at any moment
in time (e.g., average values or linear intercepts) greatly facilitate real time feedback
generation to stimulate greater participation within the dialog. This also facilitates the
generation of tutors or automated interventions meant to guide students in their col-
laborative learning tasks.
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